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The rapid increase in availability of fine-scale genetic marker maps has led to the widely used in practice, partially due to the difficulty of choosing prior distributions, 6 complexity of computation and lack of user-friendly software. 7 Due to the accessibility of the freely available software QTL Cartographer (Wang 8 et al. 2005b ) CIM is now the most commonly used method for QTL mapping with 9 populations derived from biparental crosses. However, in Zeng's algorithm, QTL effect 10 at the current testing position and regression coefficients of the marker variables used to 11 control genetic background were estimated simultaneously in an expectation and 12 conditional maximization (ECM) algorithm. Thus, the same marker variable may have 13 different coefficient estimates as the testing position changes along the chromosomes. 5 
MATERIAL AND METHODS

1
The linear regression model and its properties in QTL mapping: For 2 simplicity, it is supposed that two inbred parents P 1 and P 2 differ in m QTLs, being 3 distributed in m intervals flanked by m+1 markers. The parental QTL genotype is 4 assumed to be Q 1 Q 1 Q 2 Q 2 …Q m Q m for P 1 , and q 1 q 1 q 2 q 2 …q m q m for P 2 . We consider a 5 backcross population where P 1 is the recurrent parent. For an individual in a backcross 6 population X=(x 1 , x 2 , …, x m , x m+1 ) represents marker variables which are equal to 1 and 7 -1, standing for the two marker types (homozygote and heterozygote), respectively, and 8 G=(g 1 , g 2 , … g m ) represents the QTL variables which are equal to 1 and -1, standing for 9 the two QTL types (homozygote and heterozygote), respectively. Additive effects of 10 QTLs are represented by a 1 , a 2 , …, and a m . Under the assumption of additivity of QTL 11 effects, the genetic value G of an individual under additive genetic model can be written 12 in the following form (Whittaker et al. 1996) , QTLs in the neighboring intervals of the current interval (j, j+1), corresponding to the 6 assumption of isolated QTLs according to Whittaker et al. (1996) , the two coefficients 
11
Suppose that we have a sample of n individuals from a backcross population with 12 observations on a quantitative trait of interest and m+1 ordered markers. The following 13 linear regression model based on Equation (3) can be used in mapping additive QTLs, 14 i.e., 4 where j b is the estimate of j b in Model (4). As shown in Model (3), the two estimates interval. Please note that the only assumption we made here is that the QTLs on the 13 same linkage group or chromosome are isolated by at least one empty interval (isolated 14 QTLs according to Whittaker et al. (1996) ).
15
For a testing position in an interval, all individuals in the backcross population 16 can be classified into four groups based on the two flanking markers ( Supposing that all the n individuals have been sorted based on their marker types, the 5 log-likelihood function under the alternative hypothesis H A is, 
respectively.
11
In the M-step, the three parameters were updated as, 
The EM algorithm continues until the difference in likelihood function between Thus, the log-likelihood function under the null hypothesis H 0 is,
The LOD score at the testing position can be calculated from the log-likelihoods under 10 the two hypotheses.
Genetic models used in simulation studies: Two hypothetical genomes were 12 used in simulation. One genome consisted of 6 chromosomes, each of 150 cM in length 13 and with 16 evenly distributed markers. Ten QTLs (represented by QZ1 to QZ10; Table   14 2) were assumed to contribute to the trait of interest. Three QTLs were located on each 15 of the first three chromosomes, and one QTL on the fourth chromosome. There was no 16 QTL on chromosomes 5 and 6. The locations and effects of these QTLs were similar to 17 the scenario used by Zeng (1994 effects, and the other consisting of both additive effects and digenic interactions (Table   3 2). The additive effects in the epistasis model were the same as those in the additive 4 model, and the interaction effect was drawn from a Gamma distribution implemented 5 by QTL Cartographer (Wang et al. 2005b) . Under the QTL distribution in Table 2 Table 3 indicate that different LOD thresholds should be profiles ICIM displayed clear peaks around most of the predefined QTLs, but this was were observed on the average LOD profiles of ICIM, but it was hard to distinct QZ5 1 and QZ6 on the average LOD profiles of CIM (Fig. 1) . The average LOD profiles were 2 very low on chromosomes 5 and 6 on which there were no QTLs, indicating both CIM 3 and ICIM are less likely to locate a QTL on one chromosome to other chromosomes. 4 When powers were calculated for all marker intervals along the 6 chromosomes, 5 the probability that QTLs were mapped onto the two devoid chromosomes (i.e., 5 and 6) 6 was rather low for both CIM and ICIM ( Table 2 ). The advantage was not significant 11 for chromosome 4 either, on which there was only one QTL (Fig. 2) . However, the 12 advantage of ICIM was significant for chromosome 2 for all genetic models and 13 heritabilities, on which there were three QTLs of similar effects (QZ4, QZ5, and QZ6), 14 and the distances between QZ4 and QZ5, and QZ5 and QZ6 were 40 cM and 34 cM, 15 respectively (Table 2) . ICIM had higher powers to map QZ4 and QZ5 in the right (Table 4 ). There is a tendency that QTLs were mapped toward to their closest markers. 8 In other words, a QTL closer to its left flanking marker had a negative deviation (i.e., 9 QZ4 at 3 cM and QZ5 at 43 cM on chromosome 2, and QZ7 at 33 cM on chromosome 10 3), and a QTL closer to its right flanking marker had a positive deviation (i.e., QZ2 at 48 11 cM and QZ3 at 108 cM on chromosome 1, QZ6 at 77 cM on chromosome 2, and QZ 8 12 at 68 cM and QZ9 at 129 cM on chromosome 3). This is understandable by looking into 13 the two coefficients in Model (2). If a QTL is located in the middle of a flanking 14 interval, the QTL effect will be evenly absorbed by the two flanking markers. 15 Otherwise, the marker closer to the putative QTL will absorb most of the QTL variation, 16 therefore is more likely retained through stepwise regression, and thus the QTL will be 17 more likely to be mapped onto the marker closer to the QTL. Due to the same reason, When calculated from all peaks, the estimate of QTL effect was almost unbiased. 22 In comparison, the QTL effect was generally over-estimated when calculated from the 1 significant peaks only, which was expected as small effect estimates in some simulation 2 runs were not counted. Therefore, in any simulation studies, it is not likely to achieve an highest powers were achieved in the neighboring intervals for QY2 and QY6 (Fig. 5A ).
The result of CIM was comparable to that of ICIM for chromosome 4, for which the 12 two QTLs were linked in coupling with a distance of 35 cM. The worst performance of 13 CIM was for chromosome 2, for which the two QTLs were linked in repulsion with a 14 distance of 21 cM (Fig. 5A ).
15
The mean LOD profile of ICIM across the 100 simulations had eight clear peaks 16 corresponding to the eight major pre-defined QTLs, while that of CIM only had two 17 clear peaks on chromosome 4 (Fig. 5B) . The mean estimated effects from ICIM across 18 the 100 simulation runs were close to the true QTL effects for all the eight pre-defined 19 major QTLs. But CIM tended to overestimate QTL effects on chromosomes 1, 3, and 4 20 where the linked QTLs were in the coupling phase, but tended to underestimate QTL 21 effects on chromosome 2, where the linked QTLs were in the repulsive phase (Fig. 5C ).
22
When a confidence interval of 10 cM with QTLs at the center was considered for 1 the eight major QTLs, ICIM had a power over 0.87 to map the corresponding QTLs 2 (Fig. 6A) . The powers of CIM were over 0.76 for QTLs on chromosomes 1, 3, and 4, 3 for which linked QTLs were in the coupling phase, but were only 0.09 for QY3 and 4 0.47 for QY4 on chromosome 2, where the two QTLs were linked in repulsion (Fig.   5   6A ). In addition, ICIM also resulted in less false QTLs (total false QTLs in other 6 intervals than the eight confidence intervals divided by 8) than CIM (Fig. 6A) . Across 7 the 100 simulations, the estimates of QTL effects were almost unbiased for ICIM (Fig.   8 6B), while the effect estimates of QY3 and QY4 on chromosome 2 were about twice of 9 the true QTL effects for CIM. all marker control, and standard model using stepwise regression (window size 10 cM), 20 gave rather different LOD profiles (Fig. 7A) . The method using unlinked markers as 21 control was similar to IM (Fig. 7A) , which should not be recommended. The method 1 using all markers as control had clear peaks where major QTLs were located, but the 2 LOD score was generally lower than that from IM (Fig. 7A) . Moreover, power analysis 3 showed that this method resulted in a large number of false positives on the two devoid 4 chromosomes (results not shown), and this method cannot be applied when markers 5 outnumber the mapping population size. 6 In ICIM, the background markers were only selected once using the standard (Fig. 7B) . All three probability levels identified the eight 14 largest QTLs (Fig. 7B) Table 5 ), but the false positive was much higher, i.e. 511 vs. 367 (Table 5) scores (compared with IM) resulted from CIM using all markers as control (Fig. 7A ). The calculation of probability that a QTL is in a given interval is viewed as a Cartographer is the software implementing CIM and we recommend that its algorithm 8 be modified to enable its use of ICIM, thereby inclusively retaining the outstanding 9 statistical properties associated with CIM. 10 The authors wish to thank two anonymous reviewers for their useful comments on H is the heritability in the broad sense. When interaction was not included, the error Note: ADD for additive genetic model defined in Table 2 ; ADD+EPI for additive and epistasis genetic model defined in Table 2 ; H for heritability in the broad sense. Note: ADD for additive genetic model defined in Table 2 ; ADD+EPI for additive and epistasis genetic model defined in Table 2 ; H for heritability in the broad sense. Table 2 ; ADD+EPI for additive and epistasis genetic model defined in Table 2 ; H for heritability in the broad sense; a PIN for the largest P-value for entering variables;
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FIGURE 4
A. QTLs identified in the ten confidence intervals in each simulation run 
